Introduction
In practical application, many engineering structures are subject to cyclic load and fatigue failure is a common form of failure [1] , which is also a famous technical problem. Most of the time, the maximal value of cyclic load is far lower than the static strength of material. So it is very important to study the fatigue life prediction method.
In the past decades, many researchers have been focused on the fatigue experiment and statistic analysis [2] , which is a general method of fatigue life prediction in engineering. However, this method takes too much time and sometimes the result is not satisfactory. So it is necessary to find an easy and reliable method. Fatigue accumulation damage theory [3, 4] is considered to be one of the most effective methods for fatigue life prediction. Since 1988, many kinds of fatigue damage models have been established by researchers [5] [6] [7] and the damage mechanics based method have been widely used in the engineering application [8] [9] [10] [11] .
However, it is still difficult to predict the fatigue life of notched specimen because a great number of factors can affect the result. In high cycle fatigue, the prediction accuracy often does not satisfy the design requirements and there are many parameters in the damage evolution law which are difficult to demarcate. Thus there exist differences between the actual life of the material and the theoretical one. The reason is complicated. On one hand, the theoretical model has its own shortage. The estimation of parameters and the expression of empirical formula cannot satisfy all real situations. On the other hand, the characteristics of material and conditions of environment, hardware in experiment caused systematic error. It is not enough to predict the actual life of material simply through the traditional theoretical analysis.
Therefore, the continuum damage mechanics based method with Hence the fuzzy neural network method is the fuzzy neural network method is proposed to solve this problem and to obtain a more reliable life. Fuzzy neural network has demonstrated its superiority in pattern recognition, intelligent control, prediction and other engineering fields [12] [13] [14] . It has been proved theoretically that the network consists of 3 layers (an input layer, a hidden layer and an output layer) is able to approximate any nonlinear continuous function with any accuracy. In dealing with complex problems, using NN method has the following advantages: obtaining the implicit expression of non-linear and non-smooth the relationship; good fault tolerance and high forecasting accuracy; Strong ability of association, memory and generalization. These characteristics of the NN method makes it play an important role in the modeling of the complex systems such as life prediction [15] . XL Liao developed a NN model to forecast the tensile fatigue life of carbon material [16] . Cecchi, A combined the ANSYS and a fuzzy NN model to design the mixed flow pump impeller blades [17] . DJ Armaghani built an ICA-ANN model to predict the strength and elasticity modulus of granite [18] .
In this paper, according to the damage evolution law of Lemaitre, a modified damage evolution model combined with the fuzzy neural network method to predict the fatigue life of notched specimen is proposed. Then the method to obtain material parameters from the present fatigue experimental data in the modified equation is proposed. At last, the fatigue life prediction for notched plate is conducted and the calculated results with the proposed method are compared with the experimental results. Although the life prediction after being modified may not be accurate in every local region, the combination between the theoretical method and the fuzzy neural network method will obtain a more reliable material life in the whole.
The modified damage evolution law

The modified initial damage threshold
In high cycle fatigue, as the stress level is not very high, the materials or structure generally does not produce plasticity deformation on the macro scale, which means no damage appears. However, according to the damage accumulation theory of Lemaitre, the micro plasticity deformation will generate as long as the stress exceeds the fatigue limit of material, which will lead to the damage accumulation. Thus the damage accumulation can be measured by the threshold value of the cumulative micro plastic von mises strain. Lemaitre [19] gives the following formula:
where p is the accumulated plastic strain; pD is the damage threshold accumulated plastic strain; ε is the damage threshold plastic strains; σu is the ultimate stress; σf is fatigue limit; /2   is the stress amplitude and m is material parameter.
However, there is a problem of Eq. (1) when conducting the fatigue life prediction. In high cycle fatigue, the stress amplitude is close to the fatigue limit, so
will change sharply as the stress amplitude increase or decrease slightly, which will lead to the great change of the predicted fatigue life and it does not agree with the real situation. In this paper, based on the fatigue experimental data of LC4 plate, the expression of p is modified as follows:
Damage will initiate after a number of cycles N0 when the damage threshold p is reached on the micro scale. There is then no micro damage as long as N < N0. Considering a periodic loading, we have:
Simplified damage evolution equation
In high cycle fatigue, the stress-strain curve at two sacles (meso scale and micro scale) is shown in Fig. 1 [19] . Fig. 1 The stress-strain cycles at micro scale and at meso scale
The thick line represents the stress strain curve at meso scale, which means no macro plasticity produced. The thin line represents the stress-strain curve at micro scale.
In the micro stress-strain cycle, when the damage is accumulated during the elastic-plastic period, Lemaitre considers:
f  represents the fatigue limit. With
, the expression of damage evolution law can be simplified as follows:
In the upper branch of the cycle, the damage increment is:
In the lower branch of the cycle, the damage increment is:
Then the damage increment over one cycle is:
Eq. (8) 
Finally, we get: 
For the uniaxial fatigue, 
Then the damage evolution equation for prediction of notched specimen becomes:
The number of cycles to failure ND under the cycle loading is obtained by integrating Eq. (12) .from D = 0 (initial undamaged state) to Dc (macrocrack initiation).
So the total life of notched specimen is:
(13)
Calibration of material parameters for LC4 aluminum
The static properties of LC4 aluminum can be consulted from handbook [20] and the chemical composition and the mechanics properties are presented in Tables 1  and 2 . In the modified damage evolution law, there are four material parameters α, m, S, s need to be demarcated. First, four sets of high cycle fatigue experimental data of standard specimens from handbook [20] are determined. Then the least square method is used [21] [22] and the optimum values of these parameters can be obtained which are listed in Table 3 . 
The applicability validation of the proposed method
The geometric profile of the notched specimen for verification of the modified damage law is shown in Fig. 2 . Fig. 2 The geometric profile of notched specimen The matlab procedure is conducted to predict the fatigue life. The fatigue load, stress ratio and the calculation results under different stress level are shown in Table 4. The fatigue experimental data of notched specimens are from handbook [20] . From Table 4 , we can see that within the scope of wide stress ratio (-1~0.68), the maximum error between theoretical lives and experimental lives is about 30%. On the basis of theoretical model, NN method is adopted to modify and predict the real life of material. The network structure is composed of 3 layers: input layer, hidden layer and output layer, shown in Fig. 3 . The input layer is consisted of two dimension data: the stress radio and the maximum stress ( Fig. 3 The structure of the BPNN model The learning process is divided into two parts: the data collection stage and the BPNN training stage. The training data is obtained through lots of experiments. Under a given radio R and the maximum stress max  , we will calculate the theoretical material life by the Eq. (13), and measure the actual life NA by the experimental equipment. The corresponding relative deviation N and the input data will be recorded in the knowledge base. When the experimental quantity is accumulated to a certain degree, the data will be imported into the established neural network for training. The input dimension i is 2, and the output dimension o is 1. The neuron numbers h in the hidden layer is estimated by 2 steps: (1) Calculating the value range of h by the empirical formula shown in Eq. (14), in which α is set as an integer between 1 to 10. (2) Choosing the value of h corresponding to the local optimum prediction effect by exhaustive method. After a number of attempts and tests, the hidden dimension h is given as 12.
The training set is randomly divided into 3 parts: 80% for training, 10% for test and 10% for verification. There are no intersection between the training set and the test set. The input data R and max  will be firstly being standardized into interval (0, 1) before imported into the hidden layer. The life prediction task has high requirements both on the performance of interpolation and external expansion ability for the network model, so the effect of standardization is better than normalization for data preprocessing. The learning rate is set as 0.01, and the training descent curve is shown in Fig. 4 . After about 40 epoches of iteration, the error will be reduced and converged to about 0.002. Fig. 4 The descent converged curve during training Fig. 5 The regression result for training, test and verification On the basis of data training, we will analysis the regression relationship between the inputs and output. The regression gradient slope which is more close to 1 means a better fitting effect. The regression coefficient for training, test and verification all exceeds 0.90 and are shown in the Fig. 5 . The overall distribution of statistical points is relative disperse, but also can show the trend and the shape of a straight line. Taking into consideration that the actual life is influenced by the complicated factors(such as the material property, the experiment condition, and the flawed theoretical model), the regression result of the deviation NN model is suitable and acceptable.
In a word, the framework of the material life prediction model is given in the Fig. 6 . The model consists of two parts: the theoretical model for basic calculation and the NN based deviation model for value modification. Table 1 As indicated in the Table 5 , the average relative error for eR is ± 20.85%, while the average relative error for eF is ± 7.12%. The statistic relationship between the relative errors (eR, eA) and the inputs (R, σmax) are shown in Figs. 7, a and b respectively. The red region means a relative high error percent (exceeds ± 20%), while the blue region means the error percent is less than ± 10%. Compared with the simply use of the theoretical model, the results after NN modified will be more close to the actual values in whole, which means that the combination between the modified damage law with the fuzzy neural network method can be effectively applied for fatigue live prediction of notched specimen in high cycle fatigue. Fig. 7, b shows the results by the combination model of modified damage law and NN method. The red region means a relative high error percent (>± 20%), while the blue region means the error percent is less than ± 10%.
Conclusions remarks
In this paper, we attempt to combine the damage law with the neural network method to give a more reliable material life in the whole. Some important conclusions are summarized as follows:
(1) A modified damage law for fatigue life prediction of notched specimen in high cycle fatigue based on the fatigue damage evolution equation of Lemaitre is proposed. The predicted fatigue lives of notched specimens tally with the fatigue experimental results.
(2) By using the least square method, material parameters of damage evolution equation are demarcated according to the fatigue experimental data of LC4 aluminum, and the practical validation of modified damage law is conducted.
(3) On the basis of (1) and (2), the fuzzy neural network method is adopted to optimize the theoretical model. The trained BPNN model is able to effectively correct the results calculated by the modified damage law. Compared with the predicted results of theoretical model, the combined method of modified damage law and fuzzy neural network can predict the fatigue life with a less average relative error.
